Abstract
Introduction
Effective management of both seasonal and pandemic influenza requires early detection of the outbreak through timely and accurate surveillance linked with a rapid response to mitigate crowding [1] . Several diverse data sources, including historical and real-time, have been used to forecast influenza activity based on predictive models that could facilitate key preparedness actions and improve understanding of the epidemiological dynamics or evaluate potential control strategies [2] [3] [4] [5] [6] .
Houston Health Department (HHD) conducts ILI surveillance with data from five different systems. Each system is used based on agreed upon terms for data use in public health surveillance. Three of the data sources were selected for this study; however, all five systems are routinely used for ILI surveillance. Despite the variety of syndromic surveillance systems, hospital emergency center (EC) visits are utilized for both descriptive and inferential statistics. Advanced analysis for ILI activity are performed with hospital EC data. While ILINet and Flu Near You (FNY) are used OJPHI for descriptive analysis, historically hospital EC visit data are readily available and the mechanism for reporting from healthcare to public health lends itself to the timely situational awareness for seasonal epidemic and pandemic level ILI activity. For this reason, the exploration of forecasting methods was applied and validated with a comparison of ILINet, FNY, and hospital EC visits. Ideally, the forecasting methods can become part of routine ILI surveillance at HHD.
Electronic Surveillance System for the Early Notification of Community based Epidemics (ESSENCE) includes statistical algorithms to detect aberrations in syndromic surveillance for various conditions including conditions with seasonal patterns. However, ESSENCE does not provide forecasting based on time series data. Supplemental methods such as prediction or forecasting with autoregressive integrated moving average (ARIMA) can complement the automated features in ESSENCE. Public health jurisdictions that take part in National Syndromic Surveillance Program (NSSP) have access to RStudio Pro on the BioSense Platform. The software version and methods in this study can be replicated in the BioSense Platform. Therefore, users of the NSSP BioSense Platform can complement ESSENCE automated statistical algorithms with ARIMA methods. Soon, Houston will be participating in NSSP at which time forecasting and validation can be applied as part of the Biosense platform.
ILI surveillance is a cornerstone in the early detection of seasonal influenza epidemics and other pandemics such as the H1N1. Because ILI surveillance is of paramount importance for public health authorities and healthcare, a variety of syndromic surveillance systems have been explored in the scientific literature and in practice to inform public health and clinical surveillance of ILI activity.
The HHD uses several syndromic surveillance systems to monitor ILI activity which include ILINet, hospital EC visits, and novel data sources such as FNY. The surveillance activities for influenza in Houston are adapted to meet the current public health needs. For example, since 2007 the HHD has used sentinel providers in outpatient clinics to obtain laboratory specimens for virologic surveillance of ILI and to characterize flu activity in Houston [7] . The sentinel provider network was instrumental in monitoring the novel 2009 H1N1 pandemic in Houston [7] . More recently, the ILI data has been used to explore the dynamics of patient health behavior associated with repeat episodes of ILI [8] . However, no attempt has been made thus far to evaluate the forecasting capabilities of existing syndromic surveillance systems (ILINet, hospital EC visit data, and FNY) using Houston's data. These diverse real-time data capture mechanisms may have the potential to go beyond early detection and forecast future ILI or influenza outbreaks in the community. Such estimates could help guide policy makers' decisions, and key preparedness tasks such as public health surveillance, development and use of medical countermeasures, communication strategies, deployment of Strategic National Stockpile assets in anticipation of surge demands, and hospital resource management [2] .
Modern epidemiological forecasts of common illnesses, such as the flu, rely on both traditional surveillance sources as well as digital surveillance data such as social network activity and search queries [9] . Reliable forecasts could aid in the selection and implementation of interventions to reduce morbidity and mortality due to influenza illness. Previous studies have applied statistical methods on FNY and ILINet data to compare and validate their potentials to inform ILI surveillance both individually and in combination with each other [10, 11] . ARIMA technique has OJPHI been used to forecast seasonal influenza surveillance, including ILI at national, state, and local levels. ILI has seasonality which can be corrected for with ARIMA. ILI, like other infectious conditions, does not assume independence and the measures of occurrence are expected to vary across time. Statistical methods used on ILI data must be robust enough to handle the violation of the independence assumption and to reduce the background noise. ARIMA results are considered reliable despite the intercorrelation of data points. ARIMA had been applied by other researchers on the FNY, ILINet, and hospital EC visits with informative and accurate results [2] [3] [4] [5] [6] . Results from forecasting methods applied to ILI data have been reported for FNY and ILINet at national levels [10, 11] , and provided useful information for population level ILI surveillance. Prediction for ILI occurrence is being explored for the first time on data specific to Houston jurisdiction.
There is a need to understand if ARIMA with seasonal correction can be applied to various data from ILI syndromic surveillance systems in different geographic settings. ILINet and FNY Dashboard can be accessed by any health department. Since any given health department will differ in the information available for ILI surveillance, it becomes important to know which data source for ILI can provide the most accurate predictions for ILI activity. The authors fill a gap in the scientific literature on the use of these promising data sources to model and predict influenza activity. The objective of this study therefore was to forecast and validate prediction estimates of influenza activity in the City of Houston in Texas using ILI historical data from three surveillance systems, namely FNY, ILINet, and hospital EC visits.
Methods

Study Population and Setting
Houston is the fourth most populous city in the U.S. with 2.3 million residents as of January 2017 [12] . Only data collected within the jurisdiction of Houston, Texas were included in this analysis. The City of Houston jurisdiction was determined using ZIP codes.
Data Sources
The three data sources used for this study include FNY, hospital EC visits, and ILINet. Each of the three data sources represents a different stage of disease manifestation of ILI which is reflected in the magnitude, and possibly timing of ILI activity. FNY is a crowdsourced internet-based participatory syndromic surveillance program to track and monitor weekly ILI occurrence based on self-reports from volunteers [13] . The self-reports represent individuals who may or may not have accessed the healthcare system so the severity of symptoms may vary from mild to severe. Hospital EC visits from the HHD's syndromic surveillance system are a good data source for ILI surveillance and represent individuals whose symptoms are severe enough to seek medical care from an emergency center. ILINet is considered the gold standard for ILI outpatient surveillance and may be the reference point for the timing and magnitude of ILI activity for many health departments. Characteristics that are inherent in ILI data include the use of symptom data to measure the occurrence of ILI versus the use of laboratory confirmed influenza positives.
OJPHI
Data Collection and Measurements
Time series data were obtained from the three data sources and arranged in series of weekly occurrence of ILI percent. Like most methods for syndromic surveillance, the time series are not longitudinal and individuals are not followed across time. Data used for our analysis comprised of weekly ILI percentages from MMWR week 27 of 2012 through MMWR week 26 of 2016, which corresponds to about July 2012 through June 2016. Forecast estimates were validated using ILI percentages from MMWR weeks 27 through 37 of 2016.
All data were obtained from public health surveillance systems. Each of the data sources used captures data differently. FNY is available as both a web-based platform and a phone application. Users self-report various symptoms on a weekly basis. The number of responses with symptoms related to influenza-like illness are aggregated weekly over the total number of responses. ILINet is a collaborative effort between the Centers for Disease Control and Prevention (CDC), health departments, and health care providers. Providers report weekly on the total number of patients seen and the proportion of patients with influenza-like illness. The HHD's syndromic surveillance system receives health data via secure electronic transmission from hospital EC visits for public health surveillance. In Houston, hospital EC visits data is considered more representative compared to the other two data sources because it has better "participation" due to the real-time automated transmission of health data. Daily, the HHD receives 1,500 to 2,000 records for hospital registrations and discharges for City of Houston jurisdiction. In Houston, hospital EC visits are the preferred data source because ILI activity based on hospital EC visits consistently matches national trends.
This study received exempt status approval from the HHD Investigative Review Committee because the data were deidentified and aggregated prior to analysis.
Data Management
All analysis was completed using RStudio 3.3.1 and Microsoft Excel. There were 21 (10%) missing observations from ILINet and one missing observation (0.5%) from the hospital EC visits data. The missing data were estimated using predictive mean matching. The 'mice' package in R imputes missing values with plausible values using the predictive mean matching method. This method uses an algorithm to pull information from other values in the specified variable to predict possible values. Predictive mean matching estimates a linear regression for observed values and picks a value randomly from the posterior predictive distribution of the coefficients of the previous regression to produce a new set of coefficients. These coefficients predict values for all observations. For each missing observation, we picked a set of observations with predicted values close to predicted values of the missing observations [14] .
Data were divided into segments from MMWR week 27 of the current year through MMWR week 26 of the following year. This resulted in four time periods, each containing the typical start, peak, and end of the influenza season.
OJPHI
ARIMA Modeling and Forecasting
We used autoregressive integrated moving average (ARIMA) models to describe autocorrelations in the data and forecast time series [15] . The ARIMA model has several advantages for forecasting compared with other methods and is especially useful in modeling the temporal dependence structure of a time series [16, 17] .
Stationarity
Since the ARIMA model requires stationarity, we used Augmented Dickey-Fuller (ADF) tests and Kwiatkowski-Phillips-Schmidt-Shin (KPPS) unit root tests to determine if each of the data source time series variables were stationary or would require differencing. Each of the sources were also tested using seasonal root tests to determine the appropriate number of seasonal differences required [15] .
Fitting an ARIMA Model
The auto.arima() function in the R 'forecast' package which estimates parameters and model orders using maximum likelihood estimation (MLE) was used to fit the model. This method finds parameter values that maximize the probability of obtaining the observed data. After differencing d times, p and q are chosen by looking for the lowest Akaike Information Criteria (AIC) value. The autocorrelation function (ACF) plots of the residuals and portmanteau Ljung-Box tests were used to determine if there is any autocorrelation in the residuals [15] . Mean was calculated using weeks 40 through 22. 2 Mean was calculated using weeks 40 through 21. 3 Mean was calculated using weeks 39 through 21. 4 The time interval was week 27 through week 26 of the following year. 5 Mean was calculated using weeks 38 through 20.
Obtaining Point Forecasts from ARIMA Models
Preliminary analysis depicted similarities in peak times and overall trend of increases and decreases of ILI activity ( FNY had the highest average confidence interval difference (9.18%) between upper and lower 95% bounds (Figure 2-A) . All the 95% confidence intervals were relatively wide and lower bounds were negative percentages, which cannot be actualized because ILI percentages can only be positive. The data sources did not agree on an increasing or decreasing predictive trend. ILINet forecasted estimates were closest to observed ILI percentages for weeks 27-37 of 2016 (Figure 2 -C). The hospital EC visits data forecasted estimates resulted in a substantial difference compared to actual ILI percentages for the same period but did follow the same overall increasing trend (Figure 2-B) . 3 It is not possible to have ILI percentages less than 0. 4 Estimates did increase slightly after the initial decreasing trend. Table 2 ) are closer to actual ILI percentages as evidenced by smaller differences between actual and estimated values when compared to hospital EC visits data ( Figure  2 -B, Table 2 ) and FNY (Figure 2-A, Table 2 ) data.
Discussion
Though several surveillance systems have been designed to provide warning, few provide reliable data in near-real time, and fewer still have demonstrated the capability to provide advanced forecasting of impending influenza cases [1, 18] . Our study recorded varying peak week, peak ILI %, and mean over the period from 2012-2016 with resultant effects on the ILI forecast estimates by data capture mechanisms. This is consistent with previous findings where wide variability in local and regional level data for ILI have been reported [19] . This may reflect the voluntary nature of influenza activity reporting by public health partners and health-care providers.
We noted high inconsistency and variability in the number of users who self-reported using FNY (mean (SD): 69 (41) weekly responses). This may be associated with the fact that there were fewer FNY users in the Houston area during the initial stages of the tool release. However, as awareness of participatory surveillance increased, the FNY data decreased in variability as the number of users reporting increased. Monitoring of online search trends and the use of online self-reporting illness tools such as FNY appear to have potential for supporting and enhancing traditional syndromic surveillance systems. Internet-based participatory syndromic surveillance programs OJPHI have been used to signify the start or end of transmission of seasonal pathogens [20] , provide situational awareness, aid in the epidemiologic description of a disease, and to perform surveillance during a mass gathering [21] .
We noted that ILI showed consistent decreases in peak ILI% and mean based on the HHD syndromic surveillance data during the study period. Although the forecasted estimates indicated a substantial difference compared to actual ILI percentages for the same period, both followed the same trend direction. EC chief complaint data have been used in the early detection of disease clusters or outbreaks [22, 23] , and in the identification of the start or end of the season for pathogens such as influenza [24, 25] . For instance, the EC data had flagged the start of influenza season 2 to 3 weeks earlier than the CDC ILINet data in 2 of 3 eligible years examined [24] .
None of the data sources accurately forecasted future ILI in the population due mainly to the wide variability recorded except for ILINet which exhibited the least difference with forecasted estimate close to the actual ILI report. Our results were similar to that of the CDC 2013-2014 Influenza Season Challenge where using a variety of digital data sources and methods nine of the competing teams failed to accurately forecast all influenza season milestones [26] . Our predictions were based on historical data and may not be ideal to predict unusual events that have not occurred previously.
Forecasting also must consider the noise component which is difficult to estimate or predict. While the times series in our study represent occurrence of ILI at the population level, it should be recognized that background noise is a common phenomenon that occurs in public health surveillance data. It is unclear in our study the extent to which noise affected the predicted models. In addition, forecasting time series data is difficult due to inherent uncertainties of trend and retention of historical properties. However, considering the degree of uncertainty, short-term estimates based on these data sources could be useful for preparation or to increase level of awareness in the Houston community. Similarly, the CDC noted during the influenza season challenge that is was possible to obtain reasonably accurate forecasts in the short term compared to long term [26] . Further model fitting and forecasting should consider including specific seasonal components like seasonal ARIMA models to capture specific seasonal patterns. This method can be replicated in other software that performs ARIMA. As an example, for public health surveillance, the authors described the application of forecasting methods and results from data on ILI.
Limitations
There is need to highlight some limitations that may be associated with our study outcomes. First, we were not able to include influenza laboratory results in our analysis. This may have significant impact on the accuracy of using ILI forecasted results to estimate influenza activity. Second, even though hospital EC visits data does provide a true measure of ILI cases as seen in the seasonal peaks every year which match national peaks and often coincide with the detection of influenza related outbreaks in group settings, the hospital EC visits may represent patients that access EC as their first step towards medical care or treatment, as their decisions are based in part on the severity of their symptoms. Third, since all influenza activity reporting by public health partners and healthcare providers is voluntary, it is difficult to maintain a steady and consistent flow of data for ILINet and FNY during each flu season. Fourth, the meaningfulness and usefulness of predictions depend OJPHI heavily on the quality and consistency of the source of ILI data. Established surveillance data sources are more likely to produce reliable estimates due to consistency and large volume of historical data available compared to newer, untested data. Finally, while information obtained from these diverse syndromic surveillance systems is routinely used to determine influenza activity's magnitude and timing, the authors acknowledge that further work is needed before a prediction of ILI activity can be made with absolute confidence.
Strengths
Despite these limitations, we believe that our current findings highlight the inherent potentials of the three diverse data capture mechanisms for monitoring of seasonal influenza which can inform activities for prevention and control and pandemic preparedness in the Houston metropolitan area. Our study shows promise that forecasting methods can be integrated into routine public health surveillance practice. The availability of multiple years of historical ILI data helps identify overall trends and unusual activity with more reliability. The data sources provide proportion (percent) of ILI per week which offers more information for population level surveillance compared to using only counts. Also, the ARIMA forecasting with 'forecast' package within RStudio Pro makes it possible to conduct prediction of ILI occurrence within the BioSense platform. The standard features for ESSENCE do not include prediction modeling. The utility of automated real-time syndromic surveillance systems increases when forecasting component is combined with statistical detection algorithms based on change detection applied to times series. While the extent of the biases suggested by this analysis cannot be known precisely, combining these data sources may give a true picture of the influenza activity in Houston. The authors believe that there is value in the availability of participatory surveillance such as FNY not only because of the utility for tracking and monitoring ILI trends with descriptive methods but also because of the platform provides flu news, vaccine availability, and real-time maps with ILI activity [27] . These methods can be applied to ILI data sources in various geographic areas. Nonetheless, continuous improvement in the quantity and quality of data obtained from these data sources may help enhance the forecasting capabilities and early detection of potential surge in influenza activity.
Conclusions
Our study concludes that the variations in the predictive estimates were directly associated with the data sources. Forecasted estimates rely heavily on sources consistently reporting enough responses to reduce variability. Forecasts based on data from FNY and other user-reported platforms will require enough users from the population to consistently report so that historical ILI data can be a better representation of overall influenza-like illness activity. This could lead to better estimations of influenza activity. ILINet forecasted estimates and the actual ILI reports exhibited the least difference though all sources generally had wide confidence intervals. Similar surveillance systems have the potential to reasonably estimate overall trend and estimates of influenza activity. Our results demonstrate that there are significant opportunities to improve the forecasting performance and that selective superiorities among the three data sources could be leveraged upon to improve ILI surveillance in Houston. For instance, combining the data sources with enough observations to forecast future trends may provide estimates that are closer to actual influenza activity in the Houston community. These estimates could be used to empower decision OJPHI makers to lead and manage more effectively by providing timely and useful evidence for the public health surveillance to prepare and respond.
